Automatic electrocardiogram (ECG) signal enhancement has become a crucial pre-processing step in most ECG signal analysis applications. In this Letter, the authors propose an automated noise-aware dictionary learning-based generalised ECG signal enhancement framework which can automatically learn the dictionaries based on the ECG noise type for effective representation of ECG signal and noises, and can reduce the computational load of sparse representation-based ECG enhancement system. The proposed framework consists of noise detection and identification, noise-aware dictionary learning, sparse signal decomposition and reconstruction. The noise detection and identification is performed based on the moving average filter, first-order difference, and temporal features such as number of turning points, maximum absolute amplitude, zerocrossings, and autocorrelation features. The representation dictionary is learned based on the type of noise identified in the previous stage. The proposed framework is evaluated using noise-free and noisy ECG signals. Results demonstrate that the proposed method can significantly reduce computational load as compared with conventional dictionary learning-based ECG denoising approaches. Further, comparative results show that the method outperforms existing methods in automatically removing noises such as baseline wanders, power-line interference, muscle artefacts and their combinations without distorting the morphological content of local waves of ECG signal. Although many noise removal methods were presented for removing the ECG noises [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] , most methods lack in preserving the morphological content such as amplitude, duration, polarity, shape and spectra of the ECG signal. Further, different signal processing approaches are employed for removal of different kinds of noises from ECG signal. Unlike other transformationbased methods, the representation dictionary learning is performed using both time-localised and frequency-localised elementary waveforms for effective representation of ECG signal and noises such as BW, PLI, and MA. However, computational complexity of the sparse representation highly relies on the size of a representation dictionary. From our previous studies, it is noted that the MA can be effectively removed from the ECG signal using sparse signal
1. Introduction: Accurate and reliable measurements of clinical features of electrocardiogram (ECG) signal are most important for effective diagnosis of cardiovascular diseases. In practice, ECG signals are mostly corrupted with different kinds of noise and artefacts such as baseline wander (BW), power-line interference (PLI), and muscle artefacts (MA) under resting and ambulatory conditions [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] . The noises present in the ECG signal may mask the morphological features of the local waves such as P-wave, QRS complex, T-wave and U-wave and thus degrade diagnostic quality. Various ECG denoising methods were presented based on an adaptive enhancer using second-order statistics [1] , a signal decomposition-based modified Bayesian framework [2] , sequential averaging filter using Bayesian framework [3] , adaptive filter and wavelet shrinkage [5] , non-local wavelet transform (WT) filtering [4] , marginalised particle extended Kalman filter with an automatic particle weighting strategy [6] , empirical mode decomposition (EMD) [7] . The hybrid denoising model is presented for removal of additive Gaussian noise [8] . Most MA removal methods are based on EMD [9] , nonlinear Bayesian filtering framework [10] , WT [12] , EMD and WT [12] , and sparse signal representation on mixed dictionaries [11] . The BW is removed based on the digital high pass filters, low-order polynomials [13] , EMD [14] , WT [15] , and nonlinear filter bank [16] .
Although many noise removal methods were presented for removing the ECG noises [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] , most methods lack in preserving the morphological content such as amplitude, duration, polarity, shape and spectra of the ECG signal. Further, different signal processing approaches are employed for removal of different kinds of noises from ECG signal. Unlike other transformationbased methods, the representation dictionary learning is performed using both time-localised and frequency-localised elementary waveforms for effective representation of ECG signal and noises such as BW, PLI, and MA. However, computational complexity of the sparse representation highly relies on the size of a representation dictionary. From our previous studies, it is noted that the MA can be effectively removed from the ECG signal using sparse signal decomposition on mixed dictionaries including the impulsive and sinusoidal elementary waveforms and QRS information [11] . Furthermore, it is observed that the computational load can be reduced by choosing suitable number of time-and frequencylocalised elementary waveforms based on the type of noises added to an ECG signal. To the best of our knowledge, there is no generalised sparse representation-based ECG noise removal framework for automatically detecting and removing the single and combined noises from the ECG signal.
In this Letter, we propose a noise-aware dictionary learningbased generalised ECG signal enhancement framework which not only preserves the morphological content of the local waves such as P, QRS, T, and U of the ECG signal but also significantly reduces computational load when compared with conventional dictionary learning-based sparse representation methods and other filtering methods. The main contribution of this Letter is to investigate different kinds of mixed dictionaries for removal of ECG noises and finding the optimal size for each of the representation dictionary learned based on the temporal-spectral characteristics of ECG noises such as BW, PLI, and MA. Based on the decomposition results, we present noise suppression algorithms for removal of single and combined ECG noises. Evaluation results demonstrate that the noise-aware dictionary-learning approach can significantly reduce the computational load when compared with the conventional dictionary learning-based ECG denoising methods.
The remainder of this Letter is organised as follows: Section 2 presents an ECG signal enhancement based on sparse representation with noise-aware dictionary learning algorithm. In Section 3, signal quality assessment results and computational analysis are presented. Finally, the conclusions are drawn in Section 4.
Methods and materials:
This section presents an automated noise-aware dictionary learning-based sparse representation framework for removal of single and combined ECG noises such as BW, PLI, and MA, which are time-localised and frequency-localised signals. The flowchart of the proposed framework is illustrated in Fig. 1 steps: noise detection and identification, noise-aware dictionary learning, and sparse representation-based noise removal algorithms. In the next-subsection, we describe each of the processing steps of the proposed framework.
Noise detection and identification:
Many studies show that the accuracy and robustness of the quantitative parameter extraction system can be improved by incorporating a noise removal algorithm at the pre-processing step. Therefore, in this Letter, we attempt to present a generalised ECG enhancement framework which includes noise detection and identification, noise-aware dictionary learning, sparse signal decomposition and noise removal. The noise detection and identification is performed based on the moving average filter, the first-order difference, and the temporal features including maximum absolute amplitude (MAA), zerocrossings, and autocorrelation features (ACF). The proposed noise detection and identification algorithm is summarised as
Step 1: In this step, low-frequency (LF) BW signal from ECG signal is extracted by using a moving average filter. The length of the moving average filter is chosen empirically such that it can capture the frequency component <1 Hz. In this Letter, the length of filter is chosen as 360. Based on the acceptable amplitude value of BW, an MAA of the extracted LF is compared with a predefined threshold of 0.05 mV for detecting the presence of BW. The acceptable amplitude value is decided such that it does not distort the minimum amplitude of P-wave. Typically, minimum amplitude of P-wave is 0.05 mV [17] . If the presence of BW is detected, the input signal is further processed for removal of BW component from an ECG signal using sparse signal decomposition algorithm.
Step 2: A first-order forward difference operation is performed for extracting the high-frequency (HF) noises including MA and PLI, which is implemented as
where x[n] is the normalised residual signal after subtracting the BW from x[n] and N is the length of ECG signal. Since the HF signal d[n] contains the HF portions of the QRS complexes, the HF signal is segmented into blocks with block size of 50 ms and block shift of one sample. Then, a number of zerocrossing (NZC) is computed for distinguishing the blocks containing QRS complex portion and noisy blocks. The overlapping blocking processing step is implemented as
where
is the lth block and P represents the block size. Then, the NZC is computed as
where NZC l is the NZCs for lth block which is computed as The value of g 2 is chosen based on the acceptable level of HF noise that can be used for reliable measurements of clinical parameters. Again, this acceptable level is decided based on typical minimum amplitude of P-wave. From the results, it is noted that the NZC for the noisy block is much higher than the block containing QRS complex. Therefore, we use zerocrossing (ZC) feature with duration threshold of 350 ms for discriminating the HF noise segments from the segments with localised QRS complex. By using the amplitude and duration criteria, the ECG segment is detected as noisy ECG signal. After detecting the presence of HF noise, the structured PLI is distinguished from the MA and instrument noise by using the ACF features. In this work, ACF features are computed by dividing the d[n] into overlapping blocks of 100 ms with shift of 20% of the block
where m = 0, 1, . . . , M , and M = ⌊ N P ⌋. Then, ACF sequence for each block v m (n) can be computed as
where f m (t) is the autocorrelation sequence for v m [n] and t is the autocorrelation lag. Then, maximum of ACF with respect to first negative ZC point is found for each of the blocks. It is noted that the PLI and MA blocks are having maximum ACF values of >0.5 and <0.5, respectively. The feature extraction and detection results are shown in Figs. 2 and 3. Results demonstrate the effectiveness of the features for detecting and identifying the ECG noises. Based on the type of ECG noise identified, the representation dictionary learning is done for removal of identified noise(s) from the ECG signal. The noise detection and noise-aware dictionary learning can reduce the overall computational load of the ECG signal enhancement framework.
2.2. Noise-aware dictionary-learning-based algorithms: We present a generalised ECG signal enhancement framework based on the sparse signal decomposition on noise-aware learned dictionaries.
For detailed discussion about the sparse signal decomposition, reader can refer our earlier reported work in [18] . An ECG signal x[n], n = 1, 2, . . . , N is composed of time-localised and frequency-localised waveforms which can be represented on mixed dictionaries as
is the mixed dictionary and r = [r 1 , r 2 , . . . , r M ] represents the sparse coefficient vector. The over-complete dictionary is constructed by analysing temporal-spectral information of local waves of the ECG signal. The frequency-localised components such as the LF components of ECG waves, the BW and PLI can be effectively modelled using sinusoids. The high-slope components of QRS complex and HF noises can be effectively modelled by impulses. Therefore, the representation dictionary is constructed as
where N denotes the length of ECG signal and M denotes the number of elementary waveforms. F B , F PT , F QRS , F D , and F P consist of elementary waveforms to capture BW, P/T wave, wide portions of QRS complexes, spiky coefficients (contain HF component of QRS complex and HF noises), and PLI, respectively. To capture time-localised HF component of QRS complex and HF noises, F D [ R N×N is chosen as identity matrix. F B , F PT , F QRS , and F P contain discrete sine and cosine basis vectors for the respective frequency range chosen from the N × N matrices S and C. The atoms of S and C are given by
where a i = 1/ 2 √ for i = 0, otherwise a i = 1 and i, j = 0, 1, 2, . . . , N − 1. Both sine and cosine dictionaries are used together to avoid discontinuities at the block boundaries. Then the chosen dictionaries can be written as
where F C and F S contain sinusoidal basis vectors chosen from cosine and sine dictionaries, respectively, as in (9) and (10) . The frequencies of BW and PLI noises range between 0 and 0.8 Hz (upto 1 Hz during stress test) and 57-63 or 47-53 Hz, respectively [11] . However, most of the energy of ECG local P/T wave and wide QRS complex reside <1-5 and 5-20 Hz, respectively [11] . Based on aforementioned frequency information, dictionary learning for dictionaries F B , F PT , F QRS , and F P is performed using sinusoidal elementary basis vectors of frequency ranges 0-1, 1-2, 2-20, and 47-53 Hz, respectively. The respective basis vectors for the frequency f will be the kth columns of S and C where, k = ⌊ 2Nf f s ⌋ (f s is the sampling rate).
Then, the sparse coefficients for the respective dictionary can be 
where l regulates the reconstruction fidelity Fr − x 2 2 and sparsity term r 1 . Here, the value of l is taken 0.1 to suppress the low noisy peaks.r constitutes the reconstructed sparse coefficients corresponding to F B , F PT , F QRS , F D , and F P , respectively. Then the reconstructed ECG signal can be denoted aŝ
Finally,x can be written aŝ
wherex B ,x PT ,x QRS ,x D , andx P are reconstructed BW signal, local P/T wave signal, wide QRS complex, HF QRS complex and other HF noises (detail signal), and PLI signal, respectively. In this Letter, we process 10 s segment of ECG and thus N is equal to 10f s number of samples. For example, in the presence of only BW noise, the dictionary can be chosen as (8)
Results demonstrate the effectiveness of the proposed framework in simultaneous removal of combined noises from ECG signal. From our results, it is further noted that the QRS detection is not required in case of BW and/or PLI removal but it is required for MA removal meanwhile preserving the QRS complexes. [14] 4.64 EMD [9] 0.966 EMD + wavelet [12] 0.969 DFT [20] 7.29 × 10
Adaptive filter [20] 0.039 Notch [20] 0.0145 † Perform sparse signal decomposition on the constructed overcomplete dictionary. † Estimate the PLI signalx P , P/T wavex P/T , QRS feature signal x QRS , and detail signal or HF component of QRS complexx D . † Apply R-peak detection on QRS feature signalx QRS . † Extract HF portion of QRS complex from thex D within the block of block size (L) of 100 ms centred at the identified R-peak instants (let n 1 , n 2 , . . . , n R ).
Otherwise † Perform sparse signal decomposition on the constructed overcomplete dictionary. † Estimate the BW signalx B , PLI signalx P , P/T wavex P/T , QRS feature signalx QRS , and detail signal or HF component of QRS complexx D . † Apply R-peak detection on QRS feature signalx QRS . † Extract HF portion of QRS complex from thex D within the block of block size (L) of 100 ms centred at the identified R-peak instants (let n 1 , n 2 , . . . , n R ).
x =x QRS +x P/T + QRS HF ;x denoised signal.
Results and discussion:
In this section, we evaluate the effectiveness of the proposed framework using noise-free and noisy ECG signals taken from a standard MIT-BIH arrhythmia (MITBIHA) database and real-time recorded ECG signals using Allengers medical system. The MITBIHA database consists of 48 two-channel ECG records recorded at sampling rate of 360 Hz and 11-bit resolution [21] . The performance of the denoising methods is evaluated using the real-time acquired ECG signals digitised with the sampling rate of 256 Hz and 16-bit resolution. The experimental set-up and acquired ECG signals are shown in Fig. 6 . In the first experiment, performance of the proposed noise detection and identification approach is evaluated in classifying single and combined ECG noises. The results of this experiment are summarised in Table 3 . For performance evaluation, the noise-free and noisy ECG signals corrupted with various noises including BW, PLI, MA, BW + MA, BW + PLI, and BW + MA + PLI are taken from the MITBIHA database. Evaluation results show that the proposed noise detection and identification approach can achieve an average accuracy of 98.59% in classifying different kinds of single and combined ECG noises. In the second experiment, effectiveness of the sparse representation-based ECG noise removal algorithm using the noise-aware dictionary learning approach is investigated using a wide variety of noisy ECG signals. The reconstructed ECG signals are assessed using both subjective quality assessment test and objective quality assessment metrics. The objective quality metrics including the signal-to-noise ratio (SNR), maximum absolute error (MAX), and normalised cross correlation (NCC) are computed for the clean and reconstructed signals which are computed as SNR = 10 log 10
where N ci is the number of samples in ith cycle, and m 0 and m r are mean of the original and reconstructed signal, respectively [22] . These objective distortion metrics quantify the global and local distortions in the reconstructed ECG signal. In subjective quality test, a mean opinion score (MOS) is computed based on the ratings (1-Very Bad, 2-Bad, 3-Good, 4-Very Good, and 5-Excellent) obtained for the reconstructed ECG signals [22] .
For performance comparison, we implemented seven denoising methods such as wavelet [15] , EMD [9] , EMD + mathematical morphology (MM) [14] , EMD + wavelet [12] , adaptive filter [20] , notch filter [20] , and DFT filtering [20] in this work. The denoising results of the proposed framework and existing methods are shown in Figs. 7 and 8 for different types of noisy ECG signals. By visual inspection of local waves of the reconstructed signal, it is noted that the proposed ECG signal enhancement framework can effectively remove the noises and preserves morphological features of the local waves of ECG signal. In most MA removal methods, it is noted that the amplitude of the QRS complex is not preserved in the reconstructed ECG signal [11] . Results further show that MA is not completely removed from the ECG signal. By visual inspection of the denoising results, it is noted that most BW removal methods distort the low-frequency components of the ECG signal. For all types of ECG noises, the proposed framework results better noise-reduction capability without distorting the morphological features such as amplitude, duration, and shape of the local waves. Results of the objective quality test and subjective quality test are summarised in Tables 4-7. For ECG signals taken from the record 101, 104, 107, 109, 111, 113, 119, 124, 203, and 208 including different kinds of beat morphologies such as normal, paced, premature ventricular contraction, left bundle branch block, right bundle branch block, and fusion beats, and sudden change in QRS amplitudes, irregular heart rates, sudden changes in morphologies and low-amplitude beats and the real-time ECG signals. For performance comparison, different kinds of ECG noise patterns are generated and added to the noisefree ECG signals [23] . From the results of BW removal methods, the proposed method achieves better NCC, SNR and MAX values for most test ECG signals when compared with the waveletbased and EMD + MM-based methods. From results summarised in Table 4 , the proposed MA removal method outperforms EMD and EMD + wavelet in terms of NCC, SNR, and MAX values. Table 5 demonstrates the effectiveness of the proposed method for the ECG signals taken from the record 102, 106, 109, 111, 118, 123, 203, 208, and the real-time ECG signals. Table 6 shows the performance of the methods for simultaneous removal of BW and PLI noises from ECG signals. The proposed method outperforms the DFT-based method in removal of BW plus PLI noise. From the quality assessment results summarised in Table 7 , it is observed that the proposed method can achieve better noise reduction meanwhile preserving the morphological content for combined noise sources (BW + MA and BW + MA + PLI). Wavelet [15] EMD + MM [14] Proposed method EMD [9] EMD + wavelet [12] In the third experiment, the computational complexity analysis is performed by implementing the denoising methods on intel i5-4210U CPU @ 1.70 GHz-2.40 GHz with 4 GB of RAM and MATLAB software. The computational time for each of the denoising methods are shown in Tables 1 and 2 . Although the computational time of the existing methods such as wavelet, EMD, EMD + wavelet, DFT, adaptive filter, notch filter, is lesser than the proposed framework, the existing methods had poor denoising performance in removal of single ECG noise. However, the proposed noise-aware dictionary-learning-based sparse representation can reduce the computational time when compared with the conventional sparse representation on over-complete mixed dictionaries. In the future directions, we further study the computational load by implementing the proposed framework on embedded processors.
Conclusion:
This Letter presents a noise-aware dictionary-learning-based generalised ECG signal enhancement framework for automatically detecting and removal of single and combined noises such as BWs, power-line interference, muscle artefacts and their combinations. The proposed framework consists of three major steps: noise detection and identification, noise-aware dictionary learning, sparse signal decomposition and reconstruction algorithms. The proposed framework is evaluated on the noise-free and noisy ECG signals taken from the MIT-BIH arrhythmia database and the real-time acquired ECG signals. The quality assessment results show that the proposed framework outperforms existing DFT, wavelet, EMD, wavelet and EMD, EMD and MM, and adaptive filtering methods in automatically detecting and removing single and combined noises simultaneously without distorting the morphological content of local waves of the ECG signal. Results further demonstrate that the proposed framework based on noise-aware dictionary-learning approach can significantly reduce computational load when compared with conventional sparse representation on overcomplete mixed dictionaries.
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